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Christopher D. Hollander and Ivan Garibay
Abstract A transformation network describes how one set of resources can be trans-
formed into another via technological processes. Transformation networks in eco-
nomics are useful because they can highlight areas for future innovations, both in
terms of new products, new production techniques, or better efficiency. They also
make it easy to detect areas where an economy might be fragile. In this paper, we use
computational simulations to investigate how the density of a transformation net-
work affects the economic performance, as measured by the gross domestic product
(GDP), of an artificial economy. Our results show that on average, the GDP of our
economy increases as the density of the transformation network increases. We also
find that while the average performance increases, the maximum possible perfor-
mance decreases and the minimum possible performance increases.
1 Introduction
Networks have become an increasingly important topic in the study of economic
systems [15, 8]. A network is a collection of objects, called nodes, that are joined
together by one or more connections, called edges [12] (Figure 1). In economic
networks, the nodes represent economic entities, such as firms or households, and
the edges represent economic relationships, such as trade, ownership, or credit-debit
relationships.
Economic networks are typically studied through either the analysis of existing
socioeconomic data or in silico through simulation. However, because it can be
difficult to get the required data, simulation is being relied upon more and more
to make theoretical advancements.
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Fig. 1 A sample undirected
network of 7 nodes and 8
edges.
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One particular type of simulation that is often used to study network behavior
is computational agent-based simulation. Computational agent-based simulations
of economic networks are built on top of computational agent-based models. In
economics, computational agent-based models differ from the more general “agent-
based models” in that the computational agents used are non-representative and exist
as small, often autonomous and intelligent, computer programs that interact with
each other in a virtual environment [4, 10, 16].
The agents used in computational agent-based simulations are typically hetero-
geneous, each with its own preferences and rules of behavior. This heterogeneity
provides a natural way for agents to determine how they must respond in an arbi-
trary environment, thus making it straightforward to determine the aggregate be-
havior of an economic system in non-homogeneous conditions. The agents are also
decentralized, in that sense that no one agent controls all the others, and exist in
an environment that represents either an explicit space or a set of relationships. In-
teractions between agents are limited to their local area, either by distance or the
existence of a relationship. Often times, the agents possess a degree of intelligence
and autonomy [17], but current efforts are far behind the state of the art in computer
science (e.g. [14, 20]).
Computational agent-based simulations can involve tens to hundreds of agents.
Systems with multiple interacting agents are referred to as multi-agent systems
(MAS). Multi-agent systems are typically studied at both the micro and macro level.
At the micro level, the concern is on the rules that govern the behavior of each in-
dividual agent. At the macro level, concern is on the patterns and regularities of
behavior that “emerge” in the agent population as a result of the agents obeying the
micro level rules [1, 2, 3, 5, 6, 7]1.
When used to simulate economic networks, computational agent-based simula-
tions focus on the relationships and interaction patterns of an agent population that
is driven by an agent-based model. Each node in the network is represented by an
agent, and each edge represents a type of interaction between two agents. Multiple
economic networks can exist on top of a single population of agents. The edges in
the networks are created by the actions of the agents, and at the same time also help
regulate the behavior of the agents. Many of the networks studied in the existing
research have traditionally been static, but there is an increase in the investigation
of dynamic networks as the domain becomes better defined and better understood.
1 For a more in depth explanation of agent-based modeling and multi-agent systems, see [6, 20].
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The current research on economic networks tends to focus on the more obvious
economic relationships, such as ownership, labor markets, diffusion, organizational
modeling, R&D collaborations, trade networks or supply chain networks [8]. How-
ever, these are not the only networks that exist in economic systems. In this paper,
we define the concept of a transformation network and use it to study how innova-
tion can increase economic performance and lead to periods of economic growth.
A transformation network describes how one set of resources can be transformed
into another, such as how a saw can be used to transform trees into lumber and pa-
per, or how amino acids are transformed into proteins under biological processes.
In a transformation network, the nodes represent resource sets and a directed edge
connects two resource sets if one can be directly transformed into the other. These
networks can be static or dynamic. In dynamic transformation networks, the pro-
cess of adding new nodes or edges to the system over time can be interpreted as
invention, innovation, adaptation, or evolution. Figure 2 represents a simple static
transformation network describing how chocolate chip cookies are produced from a
basic set of resources and a set of technologies. Of particular interest in figure 2 is
that multiple resource sets can be used to produce the same intermediate resources,
dry mix and butter mix, under the same or different transformation processes.
When applied to economies, transformation networks describe how natural and
man-made resources can be turned into products through technological processes.
They can be used to help identify potential areas for innovation, which exist when-
ever two unconnected nodes can be connected through a new or existing technology.
In this way, transformation networks can be helpful to entrepreneurs and corpora-
tions seeking to expand their operations to new, but related, areas. In addition, anal-
ysis of transformation networks can help identify where the system may be fragile;
e.g. if multiple outputs are the product of a single input, the removal of that input
could cause catastrophic failure [18]. The knowledge gained from applying transfor-
mation networks to economies also has the potential to help in economic theorizing,
particularly with regard to developing new models and explanations of economic
growth.
In this paper, we use a computational agent-based simulation to investigate the
relationship between transformation networks and the economic performance of a
simple artificial economy. In particular, we seek to answer the question, ”do transfor-
mation networks with more edges yield better economic performance as measured
by GDP?” The notion behind this question is that the density of a transformation
network is related to the previous amount of innovation that has occurred in the
network, and the current amount of technology available in the economy. We begin
by introducing the concept of a transformation network. We then outline the experi-
ments covered in this paper and briefly discuss the simulation model used to conduct
those experiments. Finally, we describe our experimental results and place them in
an applied context.
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Butter, White Sugar, Eggs, Vanilla Butter Mixbeat
Flour, Cocoa, Baking Soda, Salt
Dry Mix
combine
Butter Mix, Dry Mix Cookie Doughstir
Cookie Dough, Chocolate Chips, Nuts Chocolate Chip Cookie Doughmix
Chocolate Chip Cookie Dough, Spoon, Cookie Sheet, Oven Chocolate Chip Cookiesbake
Butter, Brown Sugar, White Sugar Sugar Mixcream
Sugar Mix, Eggs, Vanilla
mix
Flour, Baking Soda, Baking Powder, Salt
combine
Fig. 2 A simplified resource transformation network for two chocolate chip cookie recipes that
vary by the components used to create the dry and butter mixes.
2 Transformation Networks
Transformation networks describe how sets of resources can be transformed from
one to another. A transformation network (figure 2) is a simple directed graph
G = (V,E), composed of a node set V , an edge set E = {(v0,v1) : v0,v1 ∈ V}, and
an associated a transformation function T (u) = v where T :V →V . Each node rep-
resents a combination of resources available to the system. An edge connects two
nodes v0 and v1 if and only if v1 can be obtained by a single transformation action on
v0, i.e. T (v0) = v1. Edges may have a weight associated with them that represents
an aggregate measure of the system, such as the number of entities in the system
capable of transforming v0 into v1, or the average cost of performing the associated
transformation. The total number of nodes in the system depends on the number of
resources. In particular, for R resources the number of total nodes is equal to 2R and
each node represents an element of the power set of R.
Transformation networks are similar to production chains, supply chain networks
and metabolic networks in that they model the flow of resources through a system. In
particular, they describe how resources can be transformed as they are processed by
the associated system. When applied to economics, weighted edges can represent
the cost of a transformation, and transformation networks can be used to identify
cheaper methods of production by calculating the minimum flow over the network.
Missing edges can be used to identify potential innovations. The existence of cycles
suggests that part of the system may not depend on sustained input for continued
operation.
As a first step towards investigating the applications of transformation networks
to economics, and to motivate future research in this area, this paper focuses on
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the relationship between the density of a transformation network and the economic
performance of a simple artificial economy, as measured by the Gross Domestic
Product (GDP). We hypothesize that as the density of the economy’s transformation
network increases, the GDP will also increase. The basis for this hypothesis centers
around the notion that as the edge density of the transformation network increases,
there are more direct ways to produce one resource from another. This yields more
overall options for production, thereby increasing the diversity of the system. The
level of diversity in an economy is important because it has been shown to have a
positive effect on economic performance [13, 19]. In addition, it has been shown
that the longer a production or supply chain is the more fragile it is to disruption
[18]. Thus, if a transformation network is dense due to the diversity of transforma-
tion rules, it is much more likely to be composed of shorter chains lengths, thereby
increasing the robustness of the system. This increase in robustness should be fol-
lowed by an associated increase in the GDP as compare to sparse transformation
networks.
3 Experimental Setup
We use a computational agent-based simulation developed with MASON [11] to
investigate the relationship between the density of the transformation network and
GDP of a simple artificial economy.
The economy that we consider consists of a fixed population of immortal agents,
A, and a fixed set of resources, R, in an environment, E. Each agent has a single
transformation rule, t ∈ T , that represents technological knowledge and a variable
amount of wealth, wa : a ∈ A, that it can use to buy a resource needed as input for its
transformation rule. The exact transformation rule an agent possesses is determined
randomly at the start of the simulation. Each resource is represented as a b-bit binary
string R ∈ {0,1}b and has a price pr : r ∈ R. For this particular experiment, the
pricing model has been simplified so that the price of each resource is fixed and
identical.
Trade between agents occurs at each timestep, τ , when one agent, the buyer,
buys resources from another agent, the seller, according to an economic strategy,
S . In our current artificial economy the trade network of the agent population is
completely connected and the trade activity of agents is driven by a baseline strategy.
Under this strategy an agent will only attempt buy resources if it does not already
have the resources required by its transformation rule, for example an agent with
the rule T (01) = 11 will only buy the resource 01 if it does not currently have any.
Furthermore, a buyer will only attempt to buy from the seller if that agent is selling
the required resources for a price pr < wi. Under this strategy, potential sellers are
randomly selected from the entire population at the start of each turn. In addition,
each resource is priced at the same fixed value and there are no costs associated with
any agent behavior outside of trade.
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Each time one agent successfully trades with another, the value of the GDP
increases by the value of the transaction. In this manner, the GDP maintains its
macroeconomic definition as a measure of the final value of goods and services pro-
duced within the system, GDP = C+G+ I+NX − IM with G = 0, I = 0,NX =
0, IM = 0, where C is the consumer spending, G is the government spending, I is
investment, NX is the net exports, and IM is the net imports [9]. Because agents are
immortal and there are no imports and no exports, the artificial economy that we
consider is a closed system.
For the particular experiment studied in this paper, we focus on how the GDP
of the system responds to changes in the network density, ρ , under various uniform
distributions on the set of transformation rules, T . We also account for scaling phe-
nomenon that might occur given the total number of agents, |A|. We expect that
GDP will increase monotonically as both |A| and ρ increase.
To obtain statistically significant measurements we run each experimental con-
figuration for 20 replications and 1,000 time steps. This is sufficient because both the
underlying trade network and the transformation network are static. An experimen-
tal configuration consists of a single choice from the distribution of transformation
rules and a constant number of nodes. We consider only uniform distributions of
the transformation rules over four resources, 00, 01, 10, and 11 with the additional
constraint that T (v) 6= v (there are no self-loops ). This yields a total of 12 trans-
formation rules to be considered and 4095 unique combinations of a directed graph
structure over the four resources. Because the network is directed, its density is com-
puted as ρ = |E||V |(|V |−1) . For each distribution choice, we vary the number of agents
over the set {25,50} for a total of 8190 data points. Each data point represents the
mean GDP value under the associated experimental configuration after disregarding
the first 10 time steps in order to allow the simulation to settle. In addition to this
primary experiment, another test was done on the undirected combinations of the
rule set using agent counts of {25,50,75,100}. This experiment was conducted in
order to verify scaling over population size. The undirected experiment was also re-
peated with a set of 5 nodes in the transformation network to verify the consistency
of the results.
We only consider small numbers of nodes for this experiment because we wanted
to examine all possible edge configurations of the transformation network, and the
number of edge configurations grows combinatorially. With 4 nodes, there can be
up to 4095 simple directed graphs. With 5 nodes, the number of possible graphs
exceeds 1 million2. This makes the combinatorial investigation of large graphs with
hundreds or thousands of nodes computationally prohibitive.
2 The number of possible graphs on n nodes is given by summing all combinations of simple graphs
with k edges, where k ∈ [1,n(n−1)]. In other words, the total number of possible directed graphs
on n nodes is given by ∑n(n−1)k=1
(n(n−1)
k
)
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4 Results
Our experiment yields two important results.
First, as the density of the transformation network, ρ , increases so too does the
average of the average GDP of the underlying artificial economy (figure 5a). Fur-
thermore, the increase in GDP is monotonic and appears to scale linearly with the
number of agents in the population. This scaling occurs in both our primary exper-
iment and our secondary experiments on undirected resource transformation net-
works, but it is most likely a result of our specific underlying economic model.
Second, we find that as the density of the transformation network increases, the
maximum GDP value of each configuration group (all graphs with 1 edge, all graphs
with 2 edges, etc.) decreases monotonically. At the same time, the minimum GDP
value of each configuration group increases. This behavior is illustrated in figure 5b.
Of particular interest is how there appears to be a phase transition in the minimum
GDP value when ρ > 0.66. On our four node network, this occurs when there are
9 out of 12 edges. When this occurs, the transformation network is guaranteed to
have at least three cycles on its four nodes. These results imply that, as one would
expect, the specific edge structure of the network can play a significant part in the
economic performance of a system. Networks without any cycles tend to yield pos-
itive economic performance only until all resources have reached their final state,
while networks with cycles can reuse resources. This result also suggests that there
should be a difference in economic performance if the underlying transformation
network is scale-free or small world, but that analysis is outside the scope of this
current paper.
Figure 4 shows an integrated picture of economic performance using the data
from all 4095 subgraphs. When the number of edges is low, many configurations
are unable to maintain economic performance due to a lack of cycle formation. This
results in an average GDP of 0. However, as the edge count increases, particularly
once it crosses from 6 edges to 7 edges, the number of graphs with cycles also in-
creases and brings with it the ability for resources to be reused and recycled. This
supports the idea that the reason for the increase in the average of average GDP
is due to the ability of graphs with a higher density to form cycles, and may ex-
plain why the minimum GDP of the configuration sets jumps from 0 and begins to
increase once a graph has more than 8 edges (figure 5b).
5 Discussion
In this paper, we demonstrated that in a closed economic system with homogeneous
fixed pricing and completely connected trade networks the density of the underly-
ing resource transformation network has a significant effect on the economic per-
formance of the associated economy. As the density of the resource transformation
network increases so too does the average GDP of the economy (figure 5a). How-
ever, an increase in the density of the transformation network also yields a slight
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Fig. 3 (a) The average of the average GDP of two populations plotted against the density of
the transformation network. Both populations use the same transformation network. The outline
around each line represents data corresponding to the 95% confidence interval. (b) Minimum and
maximum GDP values between a population of 25 agents and 50 agents for varying density values.
decrease in the maximum potential GDP while at the same time produces a sub-
stantial increase in the minimum potential GPD (figure 5b). Because the edges of
the transformation network can be interpreted as technology, our results indicate
as economies develop more technology, they can expect an increase in economic
performance.
For economies with relatively small transformation networks, our findings sug-
gest that it may be better to explicitly attempt to structure the network into its opti-
mal configuration by restricting the ability to use specific technologies or create new
edges through innovation and invention. However, such policy controls are not prac-
tical for large transformation networks because the number of subgraphs quickly
becomes unmanageable and impractical to explore. In this case, when an economy
is built on a large transformation network, it is better to foster innovation and tech-
nological adoption so as to maximize the expected economic performance through
an increase in the average GDP, while at the same time increasing the minimum
economic performance.
For transformation networks with a very large number of nodes, it may be phys-
ically or economically impossible to ever arrive at a state of complete connectivity.
In this circumstance, our results suggest that as long as innovation can be main-
tained the economy should, on average, continue to improve its performance. This
continued improvement in performance over time can be interpreted as economic
growth.
However, it is not enough for an economy just to have resources, it must also have
the capability and knowledge to use them. To illustrate this point, figure 5 presents
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Fig. 4 Average GDP values for all edge configurations, by group, tested under a population of
50 firms. Each circle represents the average GDP over 20 replications of a specific experimental
configuration. The line present in each plot is a regression line representing the average GDP value
over all configurations in the specific edge group.
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two randomly chosen transformation networks from our data set. Both transfor-
mation networks use the same resources, but their edge configurations differ. This
differences in edge configuration represents a difference in the available technology
of the economy, and makes a significant difference in the realized performance. As a
real world example, it is not enough to simply have a diamond mine in your country,
you should also be able to turn the rough diamonds into jewelry. Likewise, not ev-
erybody should use the same technological processes. A healthy economy requires
diversity.
00
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Fig. 5 (a) Graph configuration 651, composed of 4 nodes and 4 edges. This configuration yields
an average GDP of 174.69 with 50 firms. (b) Graph configuration 3452, composed of 4 nodes
and 8 edges. This configuration yields an average GDP of 355.89 with 50 firms. In both figures,
the edge weights represent the average number of agents in the population with the associated
transformation rule. For instance, in subfigure (a) 12.65 agents can transform resource 00 into
resource 10. These weight values are determined by the distribution of transformation rules.
6 Future Work
This paper has shown that looking at the transformation network of an economy
may be a worthwhile way to gain insight into economic performance. In the future
we plan to expand on this topic by adding incremental complexities to our model
and comparing our results to real-world transformation networks where they can be
identified and analyzed.
Our next step is to examine the impact of transformation network density on GDP
in larger, non-complete complex trade networks, such as scale-free, small world, and
random topologies. We will then account for variable and heterogeneous decentral-
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ized pricing mechanisms. We hypothesize that the underlying trade network will
have a larger impact on the economic performance of a system than the pricing,
especially given the importance that cycles seem to play in a close system.
Additionally, we need to investigate what happens if the system is not closed due
to an external input of basic resources or an output of energy in the form of costs.
Results from such investigations may have a significant impact on the understanding
of cycles in a transformation network. We also need to look at economies with
multiple transformation networks that may or may not be connected.
One of the more interesting results that we obtained also warrants further explo-
ration. As shown figure 5b, there appears to be a phase transition on the minimum
GDP once the network obtains a sufficient density. This raises questions about the
generality and calculation of this finding that should be explored in future work.
Finally, we plan to examine the properties of large transformation networks that
evolve over time (dynamic networks instead of static networks). Because evolution
can lead changes in the network structure by creating and destroy edges and altering
path lengths, we expect that the more productive societies will have evolved a larger
density in their underlying transformation networks.
7 Conclusion
Continued innovation and the amount of available technology are significant factors
in economic growth.
With the world in economic crisis, new perspectives on economics are needed.
Transformation networks provide one new way to look at economies by examining
how the system’s underlying economic resources are transformed from one form
into another. This is a general approach that can be used on any economic sector or
within any industry, and more generally to any system in which one thing is changed
into another by some entity.
We have shown that these networks are not just an abstract idea. Their structure
can have real impacts on economic performance. In particular, an increase in the
density of a transformation network appears to cause an increase in both the average
GDP of the associated economy and an increase in the minimum GDP. This increase
in density can be associated with innovation in the economy. As firms discover new
ways to use the resources they have available, and invent new ways to turn one
resource into another, new edges are added to the underlying network.
Our results suggest that in economies that are small and simple, the transfor-
mation networks can be fully explored and optimal network configurations identi-
fied. However, when economies become even moderately large in the number of
resources they rely upon, such explorations are impractical and innovation must be
relied upon to increase growth.
This paper presents the first of many steps towards understanding and leveraging
transformation networks; but even within the relatively simple approach that we
12 Christopher D. Hollander and Ivan Garibay
have taken it has been shown that these networks can provide key insights with
regard to explanations of economic performance and potential areas of innovation.
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